Abstract
INTRODUCTION
Forest cover around 1/3 rd of earth's land surface, plays a critical role in human livelihood, ecosystem management and health [1] and in various environmental and socioeconomic functions [2, 3] at local to global scales.The incessant land use/ land cover (LULC) alterations due to increased human activities have affected the environment at global scale [4] . During the last 3 decades, India has lost a substantial spatial extent of forestsdue to fire,many industrial projects and encroachments [5] . Increasing frequency and extent of forest fire have played a major role in forest fragmentation and land use changes. The fire results in deteriorating the forest health, etc., while releasing GHGs in atmosphere [6] which further affects human health and alters the climate at micro and macro level and the biodiversity [4] . Loss of biodiversity not only refers to species extinction but also affects productivity of ecosystem. It is a matter of concern because of its huge impact on human beings and ecosystem functioning [7] . The invasive exotic plant species play a major role in expansion of fire. The nature, severity and extent of forest fire varies widely, depending on the type of region, type of vegetation, weather etc.The forest fire alters composition of vegetation such asconversionfrom deciduous forest into scrub forest or barren land (LU change). Alteration in LU patterns have also led to changes in various biogeochemical cycles.Forest loss accounted to be around 1.5 million square kilometres globally from 2000 to 2012 [8] , which emphasizes monitoring the landscape dynamics to ensure the sustainability of natural resources and mitigation of changes in the climate.
Knowledge of LU dynamics helps in evolving appropriate management strategies with sustainable land management plansto conserve biodiversity, preventing forest fires and mitigate environmental changes [9, 10] . Availability of remote sensing data at regular intervals since 1972 has played a significant role in monitoring and visualizing the land use changes [11, 12] . Geo-visualization and modelling helps to explore the complex behaviour [13] , which helps in understanding the causes and consequences of the change. Modelling approaches are useful to make an accurate assessment of the LULC changes, drivers of change, probable impacts on ecosystem, etc. [14] . There are various [15, 16] . Forest changes are nonlinear in nature and CA-Markov gives better results for nonlinear dynamics, thus, the model was chosen. Markov model produces transition matrices (transition probability matrix and transition area matrix) of altering of one land use type to another. Then CA model provides transition/reclassification rules depending on the previous state and neighbourhood pixels of the current pixel under study. CA-Markov model evaluates multiple criteria and predicts the future change using probability matrices and reclassification rules [17, 18, 19] . The current study aims to assess landscape dynamics in the protected areas of Southern Karnataka.
The objectives of the current study are: i) assessing landscape dynamics during 1973 -2016 and ii) visualization of likely spatial patterns of land uses in 2026 using CAMarkov model.
STUDY AREA
Karnataka is blessed with most magnificent and diverse forests -with lush evergreen forests in Western Ghats to scrubs in the plains and sholas in the heavy rainfall regions. It is one of the highly biodiversity rich regions in India because of its great diversity in climate, topography and soil. The different environmental regimes supportdiverse flora and fauna, some of which are endemic to the region. The state has around 4500 species of flowering plants, 600 bird species, 160 species of each mammals and reptiles, 800 species of fish, 70 species of frog, etc. Karnataka supports 25% of the elephant population and 10% of tiger population of the country. Karnataka has a total forest cover of 22.60% (43356 km 2 ) with 5 national parks and 27 wildlife sanctuaries. [20] . This study has been done in two protected areas -Bandipur National Park (BANP) and Biligiriranganatha Temple Tiger Reserve (BRTTR) as shown in Figure 1 . BANP is a part of India's biggest biosphere reserve called "Nilgiri biosphere reserve" (Together with Mudumalai Wildlife Sanctuary in Tamil Nadu, Wayanad Wildlife Sanctuary in Kerala and Nagarahole National Park in North). Table 1 shows the demographic and geographic information. Figure 2 outlines the method followed which includes -(1) Data collection and Pre-processing, (2) Land use analysis and (3) Modelling and Prediction.
METHOD

Data Collection and Pre-processing
Remote sensing data includes Landsat 1 -MSS (1973), Landsat 5 -(1991), IRS p6L4X (2016) and Google Earth (http://earth.google.com). Landsat data having good resolution and also being cost effective (as it is available free of cost and can be downloaded from public domains such as USGS (http://glovis.usgs.gov, http://earthexplorer.usgs.gov) was used. IRS p6L4X was procured from NRSC, Hyderabad (http://nrsc.gov.in). Geometric correction was done for primary data by taking GCPs (ground control points) with the help of secondary data. The geometrically corrected Landsat data was then resampled to 30m. IRS data was analysed at 5m for better precision of land uses. However, for modelling IRS data was resampled to 30m. The data was then cropped corresponding to the study area with a buffer region of 10 km [21, 22, 23] . 
Land Use Analysis
Land use analysis was carried out in 3 steps: a. Creation of FCC (false color composite) -This was done by assigning Blue band  Green band data, Green band  Red band data and Red band  Near Infrared Data. b. Training the classifier -In this the training polygons were chosen on the FCC corresponding to heterogeneous patches for each land use class. This was done by overlaying the FCC on Google earth to cross check the polygon selected for specific land use class using QGIS. These polygons should cover at least 15% of the total area of interest (AOI) and should be uniformly distributed across the AOI. c. Classification -The training polygons were converted as signatures using GRASS-GIS and were assigned to various land use classes. Then land use analysis was carried out by using Gaussian maximum likelihood classification algorithm (Supervised classification). This classifier performs the classification based on probability density function and is considered as one of the most superior methods [24] . The remotely sensed data was classified based on the signatures created from training polygons which includes all land use types as mentioned in Table 2 . Land use dynamics were assessed by using the land use classificationsof the temporal data [21, 22, 23] . 
Modelling and Prediction
Markov provided information about the transition or occurrence of temporal changes. It provides transitional probability matrix which gives information about the probability of one land use class likely to changeinto other land use class and transition area matrix which provides the likely quantification of land use class changing in terms of area. These matrices are obtained based on probability distribution of the next state of current cell which is dependent on current state only. Transitional probability matrix and transitional area matrix can be calculated by equation 1 and 2.
Where, P is the Transitional probability matrix; P ij is the probability of i th land use to convert into j th class during the transition period; n is the number of land use classes.
Where, A is the Transitional area matrix; P ij is the sum of area of i th land use to convert into j th class during the transition period.
Cellular Automata provides the reclassification rules based on which the state of cell changes with respect to the state of neighbourhood cells of previous state of the cell under consideration. These rules are defined by the interpreter and can be region specific or can be used globally.
CA-Markov method involves Markov model output and gives it as input to Cellular automata so that both temporal as well as spatial variations can be considered and thus providing better results. The land use for future is predicted by using equation 3.
Where, L (t+1) is the land use status at time t+1; L (t) is the land use status at time t. A contiguity filter of kernel size 5x5 was used. It was used to create a weighing factor so that the cells far from existing land use have lower effect when compared to nearby cells [25] . The filter used is as shown. 
RESULTS AND DISCUSSION
Land Use Analysis
The temporal land use analysis for BANP and BRTTR was performed for 1973, 1991 and 2016. Figure 3 provides the pictorial representation and Figure 4 , 5 provides the quantification of each land use class for BANP and BRTTR respectively. Land use analysis of BANP shows a decrease in deciduous forest (14.39%) and increase in scrub forest cover (18.71%). It is also observed some of the deciduous forest is being converted into scrub forest at temporal scale due to fire and various factors. The increment in built-up area signifies increase in population which can be considered as main reason for conversion of dense forest into sparse forest. BANP also facing many faces many other problems such as poaching, encroachments, illegal logging of fuel-wood, grazing of cattle within the protected area, infestation of weed, etc. Forest fire is another serious problem in BANP as large tracts of forests were prone to fire due to human induced (rarely natural). Table 3 
Modelling and Prediction
Land uses for 1973, 1991 and 2016 were analysed. Land use of 1973 and 1991 was used for simulation of 2016 land use map. The simulated result was then compared with the actual land use of 2016 for validation process. Simulation was done by using reclassification rules, to calibrate the model and verified, if calibration is inaccurate and the process was repeated. Figure 7 and Figure 8 , 9 shows the simulated results for BANP and BRTTR respectively. Table  4 shows the validation results of the model with which we can say that there is a good agreement in the actual and the predicted maps of 2016.The results show that in BANP will follow the same trend of degradation from dense forest to sparse forest in eastern side. The agricultural and horticultural activities are likely to remain in same composition while the built-up area is predicted to increase which provides the major cause of degradation. Considering the case of BRTTR, here also the deciduous forest is reducing and the forest plantation and agricultural activities are likely to increase slightly. The reason being likely increase in built-up area and in turn the human population within the buffer region. Both the protected area shows continuous forest lossin near future emphasizing the need for effective management to arrest further degradation. 
_______________________________________________________________________________________
CONCLUSION
The land use changes in two protected areas were assessed using remote sensing data of 1973, 1991 and 2016. The analyses highlight the loss of deciduous forest cover, increased fragmentation and more importantly spread of invasive species.Both the regions facefrequent fires due to invasive weeds and also disturbances caused by anthropogenic activities.In the span of four decades, conversion of dense forest into sparse forest is observed to be of 14.49% and 16.76% in BANP, BRT respectively. Modelling also indicated the future changes in configuration of forest. Accuracy of analysis shows that CA-Markov model has efficiently simulated the land use change based on the transition matrices and reclassification rules. However, the model is limited to its neighbourhood behaviour and lacks in consideration of human decision making, socio-economic variables and environmental impacts. The results indicate that even though the forests have been assigned the status of National Park and Tiger Reserve, the fragmentation continues to be the major threat for conservation of endemic taxa and sustenance of natural resources. Monitoring taking advantages with the advances of spatial technologies helps to minimise the man-made forest fires in the protected areas.
